Competence-Based Student Modelling with Dynamic Bayesian Networks by Morales-Gamboa, Rafael & Sucar, L. Enrique
Competence-Based Student Modelling with
Dynamic Bayesian Networks
Rafael Morales-Gamboa∗ L. Enrique Sucar†
August 28, 2020
Abstract
We present a general method for using a competences map, created by
defining generalization/specialization and inclusion/part-of relationships be-
tween competences, in order to build an overlay student model in the form
of a dynamic Bayesian network in which conditional probability distribu-
tions are defined per relationship type. We have created a competences map
for a subset of the transversal competences defined as educational goals for
the Mexican high school system, then we have built a dynamic Bayesian
student model as said before, and we have use it to trace the development
of the corresponding competences by some hypothetical students exhibiting
representative performances along an online course (low to medium perfor-
mance, medium to high performance but with low final score, and two terms
medium to high performance). The results obtained suggest that the pro-
posed way for constructing dynamic Bayesian student models on the basis
of competences maps could be useful to monitor competence development
by real students in online course.
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1 Introduction
Competences have grown in popularity in the western educational world [1, 2, 3],
and so the interest on developing computational models for competences that can
be used to support a variety of educational processes, from creating digital cata-
logues of competences to course design to monitoring competence development
by students. Although meaning varies among organisations, in this paper we will
assume a definition of competence along the line of ‘the capability of someone
to act effectively in some kind of situations, which demands the mobilization of
a variety of internal and external resources’ which broadly integrates aspects of
external performance and internal composition of competences that emerge in the
literature.
Research in this area is important because little information is available re-
garding what competences the students have developed along their studies, and to
what extend, beyond the stated learning objectives of the educational programmes
they are subscribed in, and the titles of the courses they have taken and passed.
Furthermore, information regarding the development of competences do not ac-
cumulate, neither at school nor later in life. For example, transversal compe-
tences are develop along many courses on specific contexts (e.g. problem solving
in mathematics, geography, or biology), as well as through experiences at work
and social interactions, yet there is no much accumulation of evidence regarding
their development, particularly in a way suitable to provide automated support for
teaching, learning, certifying, applying for a job, or hiring someone.
As e-learning provides facilities for automatic recollection of information re-
garding the development of competences by students, which are not equally avail-
able in face to face education, we have proposed to afford the digital e-learning
environment with detailed information regarding competences, their interrelation-
ships, and their relations to course activities, so that evidence of competence de-
velopment by students can be accumulated, transformed into knowledge, and used
to support the educational processes, particularly those related to decision mak-
ing regarding the development of competences by students [4]. More recently,
we have proposed generic mechanisms for creating probabilistic graphical mod-
els (Bayesian networks) to trace the development of competences by students on
the basis of competences maps [5].
In this paper we present initial results from using such mechanisms for build-
ing a student model as a dynamic Bayesian network, and using it to trace the
development of corresponding competences by some hypothetical students ex-
hibiting prototypical performances. The estimates calculated by the network were
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compared against estimates provided by a sample of teachers. The results strongly
suggest correlations among both sets of estimates, yet the teachers seemed to be
more optimistic, and certain, about the development of competences by students,
as if they were assuming, in the absence of evidence, competence improvement
rather than decay along time. Furthermore, teachers seemed to value the previous
history of evidence much less than the actual one.
We proceed by firstly providing a summary of related work in Section 2, fol-
lowed by an explanation of how we construct our competences maps, in Section 3.
Then, in Section 4 we describe with some detail how a dynamic Bayesian network
is generated from the competences maps, including how the conditional proba-
bilistic distributions are constructed for each type of relationship and, in some
cases, for some specific ones. Section 5 is devoted to describe the method fol-
lowed for generating estimates of competence levels developed by prototypical
students, both using the dynamic Bayesian network presented in previous sec-
tions, and through a questionnaire responded by a sample of teachers. The results
obtained are compared in Section 6, and we provide some conclusions and sug-
gestions for future work in Section 7.
2 Related work
There has been a considerable amount of work on computational representations
for competences in this century. There is a standard [6] and a recommendation [7]
on how to encode competences for exchange between applications, which empha-
sise detailed description of competences in terms of their components, but they
also include basic facilities for establishing relationships between competences.
There has been work on extending the recommendation in order to have better
descriptions of relationships between competetences, as well as ways for encod-
ing and exchanging levels of competences development [8]. Further work exists
on providing detailed descriptions of concepts, skills, procedures, principles and
other competence elements, as well as including composition and specialization
relationships, and complex procedures and conceptual structures, what enables
complex descriptions of competences [9] and computational tools to deal with
them [10]. There is also work on developing rather formal definitions of com-
petences for knowledge management inside an organization [11]. More recently,
there is again a proposal of extending the recommendation commented previously
[7], this time to include relationships among competences as part of the model,
distinguishing between general and specific competences, in the sense of perfor-
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mances in domains and subdomains, hence proposing a general framework for
describing competences maps [12].
Regarding the use of (dynamic) Bayesian networks for student modelling, a
2010 study [13] suggest it has been motivated (1) by the large amount of un-
certainty in estimating the cognitive or affective state of students on the basis of
observations of their behaviour, and other measurable information, (2) by their
sound foundations on probability theory to carry out inferences, and (3) by their
transparency in comparison with other numerical representations such as neural
networks. Nevertheless, a key issue in (dynamic) Bayesian student modelling
is the simplification of the domain by establishing conditional independence be-
tween nodes, as well as the definition of the conditional probability distributions,
as numerical representations of the influences of the parents of conditionally de-
pendent nodes in the network, a task that can become daunting as the network
grows and usually demands the availability of a large amount of data and the use
of machine learning techniques [14, 15]. Recent work [14] demonstrates a generic
way of constructing student models as dynamic Bayesian networks on the basis
of “skill topologies”, defined by prerequisite relationships between skills, and a
large collection of data.
So, the main contributions of this work are, on one hand, the integration of
two fields of research that have been explored somehow separately: computational
representations of competences maps and (dynamic) Bayesian student modelling;
on the other hand, the proposal of a method for defining conditional probability
distributions on the basis of types of relationships in competences maps of the
kind shown in Section 3, which go beyond the prerequisite type.
3 Competence maps
Our work is based on the notion of competence as the capability to carry out a
given action in a given context through the mobilization of various cognitive, af-
fective, and conative resources, such as knowledge, skills, attitudes and values
[16]. This definition allow us to define two kinds of relationships between compe-
tences: generalization/specialization relationships, generated through the removal
or addition of resources (we call them competence attributes), respectively, and
the inclusion/part-of relationship, generated by considering the attributes of some
competences being part of a larger one, or by distributing the resources of a given
competence along some sub-competences. We call a collection of competences
interrelated by relationships of these kinds a competences map.
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To participate
(in X with Others)
Figure 1: Competences map for ‘To participate and to collaborate effectively in
diverse teams’. Competences are shown in rounded yellow boxes, whereas at-
tributes are shown in plain white boxes. Generalizacion/specialization relation-
ships are shown as dashed lines, whereas inclusion/part-of relationships are shown
as solid lines labelled with the ‘includes’ tag. The relationship between compe-
tences and attributes are labelled with the ‘has’ tag.
In order to evaluate the expressiveness of our formalism, we have applied it to
model the set of transversal competences established as a central element of the
learning objectives of the National High School System in Mexico [17, 18]. For
example, the eighth competence in the set of transversal competences is described
in the official documentation [18] as follows:
To participate and to collaborate effectively in diverse teams.
Attributes:
• To propose ways to solve a problem or develop a team project,
defining a course of action with specific steps.
• To provide points of view with openness and to consider those
of other people in a reflective manner.
• To assume a constructive attitude, congruent with their knowl-
edge and skills, within different work teams.
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To collaborate
(in X with
Others)
To contribute
(Y to X with
Others)
To propose
(Y in relation to X
to Others)
To collaborate
(in Developing
a Project with
others)
To contribute
(Viewpoints to
Developing
a Project with
others)
To propose
(Courses of
Action with
Specific Steps
in relation to
Developing a
Project with
Others)
Figure 2: Submap of the competences map shown in Fig. 1 that is used in the study
presented in this paper. Generalizacion/specialization relationships are shown as
dashed lines, whereas inclusion/part-of relationships are shown as solid lines.
By applying the formalism briefly described above (more details can be found
in [5]) we generate the competences map presented in Fig. 1 which includes the
definition of the large and generic competence ‘to collaborate’ as decomposed
into two sub-competences, equally generic, ‘to propose’ and ’to contribute’; a
generic structure that is then specialized into collaborating in problem solving
and collaborating in project execution. The full set of transversal competences
for high school includes eleven competences, but the application of our formalism
identifies much more, as illustrated in Fig. 1; over a hundred competences (nodes),
considering both generic competences and more specific ones.
In order to simplify the competences map for the purposes of this study, by
eliminating the repetitions included in the map shown in Fig. 1, in the rest of the
paper we will use the submap shown in Fig. 2 that focus on collaborative project
development.
4 Dynamic Bayesian networks
A competence can be observed only through performances in concrete situations,
and such performances are considered evidence of the level of competence. In
the same way, the development of a more specific competence is evidence of the
development of a more general oneas they share some key attributes. In a similar
6
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Figure 3: Dynamic Bayesian network corresponding to the competences map in
Fig. 2. The nodes on the left side (Init Conditions) are initialized with the previous
state of beliefs. The nodes in the central area (Temporal Plate) are firstly influ-
enced by the nodes on the left, so they reproduce the previous state of the network;
then they move one step in time, taking the previous state of the network and new
evidence into account. Finally, the new beliefs are transferred to the nodes on the
right (Term Conditions), from where they can be recovered.
way, development of a super-competence cannot occur independently of the de-
velopment of its sub-competences. So we could attribute some kind of causality
to the generalization/specialization and inclusion/part-of kinds of relationships, at
least in the case of competences. We then propose to create overlay student models
[19, 20] to trace the development of competences by students, associating a belief
on the degree of development to each competence in the map, and transform-
ing the competences map into a Bayesian network [15]. As student competences
evolve along time on the basis of their previous levels and new learning expe-
riences, beliefs about their new levels are dependent both on beliefs about their
previous levels and new evidence, so the Bayesian network should be dynamic.
Furthermore, we assume that a new level of any competence is independent from
old levels of the other competences in the map given the current level of such
competence, and so are beliefs.
The dynamic Bayesian network (DBN) corresponding to the competences map
presented in Fig. 2 is shown in Fig. 3. Init(ial) Conditions nodes are set to the be-
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liefs on the previous levels of the competencese.g. recovered from a database
while nodes in Term(inal) Conditions are used to recover the new beliefs, on the
current level of the competences. The nodes in the Temporal Plate actually stand
for two instances of the (non dynamic) Bayesian network built from the compe-
tences map, which stand for two time steps and are linked with temporal relation-
ships (shown as round arrows in the figure) between equivalent nodes; in addition,
the second instance includes nodes for evidences, at the bottom. The first instance
is linked to the Init(ial) Conditions, whereas the second instance is linked to the
Term(inal) Conditions.
The operation of the proposed dynamic Bayesian student modelling based on
competences maps is then as follows:
1. Given a student, and any competences map composed as described in Sec-
tion 3, a non dynamic Bayesian network is built from the competences map
using the conditional probability distributions described in subsection 4.1.
Then flat probability distributions are set on the top nodes, and propagated.
The final states of the beliefs in the nodes of the network are then stored
somewhere as the initial, and current, level of the dynamic Bayesian net-
work (t = 0).
2. When new evidence arrives at time t = k (k an integer greater than zero),
the following process is iterated k times:
(a) The nodes in the Init(ial) Conditions are set to the current beliefs,
which correspond to the previous levels of the competences.
(b) The beliefs in the Init(ial) Conditions are propagated to the first in-
stance of the (non dynamic) Bayesian network.
(c) The beliefs in the first instance of the (non dynamic) Bayesian network
are propagated to the second instance using the temporal relationships,
together with the evidence in the bottom nodes (if t = k).
(d) The beliefs in the second instance of the (non dynamic) Bayesian
network, corresponding to the current levels of the competences, are
propagated to the Term(inal) Conditions, and recovered from there.
3. The final state of the Term(inal) Conditions correspond to the beliefs on the
new levels of the competences, at t = k, and are stored in replacement of the
beliefs corresponding to t = 0.
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4.1 Conditional probability distributions
A common approach nowadays is to learn the conditional probability distribu-
tions from a large amount of data [21, 14], which in this case would be about
competence assessments by teachers. Unfortunately, in our case data is not quite
abundant, particularly given the large amount of competences that underlie educa-
tional programmes, as well as the difference in perspectives that lead to different
definitions, and hence competences maps, even for quite similar competences.
Additionally, the competence-based educational model for high school education
was introduced fifteen years [18] ago and, despite the fact that many teachers were
trained for competence-based teaching and evaluation, it is still work in progress,
so data may be too “dirty”.
So, instead of learning the conditional probability distributions from data, we
decide to construct them from first principles on the basis of the different kinds
of relationships in competences maps [5] (Table 1 and Table 2), plus those added
in its translations to a DBN (Table 3 and Table 4), and a selection of numeri-
cal values for the fuzzy terms (Table 5)—in each table, the top row includes the
possible values for the parent node, while the left column includes the possible
values for the child node. Also, on the basis of a social constructivist perspective
[22], we decided to move away from the typical binary variables and to have three
possible values for competence development (Low, Medium, and High) represent-
ing no development (the student cannot perform the associated activity, even with
scaffolding), partial development (the student can perform the associated activ-
ity, but only with scaffolding), and full development (the student can perform the
associated activity on their own).
In the case of the inclusion/part-of relationship, in Table 2, the reasoning
behind its design goes on the line that if someone cannot perform the super-
competence (level Low), they have to get stuck in at least one sub-competence,
which could, or could not, be a given sub-competence. So, from all possible con-
figurations of competence levels among the sub-competences (3n), we have to
discard the cases in which level Low does not show (2n). Then, we consider all
cases in which a given sub-competence as level Low (as the other n−1 can have
any value, they are 3n−1), as well as all cases in which the given sub-competence
as other level, Medium or High (3n−1−2n−1). Similarly, if someone can perform
the super-competence but only with scaffolding, they cannot get stuck in any sub-
competence but they would need help in at least one sub-competence. So, from all
possible configurations of competence levels among the subcompetences (2n−1,
because we need to eliminate the case of all sub-competences to have level High),
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Table 1: Conditional probability distribution for the specialization/generalization
relationship. Source [5].
Low Medium High
Low Large Medium Small
Medium Small Large Large
High Very small Small Medium
Table 2: Conditional probability distribution for the inclusion/part-of relationship.
The variable n stands for the number of sub-competences. Source [5].
Low Medium High
Low
3n−1
3n−2n
1
2n Very small
Medium
3n−1−2n−1
3n−2n
1
2 Small
High
3n−1−2n−1
3n−2n
2n−1−1
2n Large
we consider the cases in which a given sub-competence has level Medium (2n−1,
as the others can any level other than Low), or High (2n−1− 1, because not all
others can have a High level). However, we have decided not to have a zero prob-
ability on any case, se we have adjusted the formulas in this case to allow some
probability for level Low among sub-competences. Finally, if someone can per-
form the super-competence without any help, then they cannot get stuck nor need
help on any sub-competence, so the probability for any sub-competence to have
a level other than High should be zero, but we have opted for allowing small,
non-zero probabilities for the other levelsmore details of the rationale behind the
design of all conditional probability distributions can be found in [5]
Concerning the design of the DBN, the final decision was on which numer-
ical values to ascribe to the fuzzy terms used to describe the conditional prob-
ability distributions (transition probabilities). In this case, given the speed of
decay of some probabilities in the conditional probability distribution for the
inclusion/part-of relationship, we decided to define them on the bases of the stan-
darized cummulative normal distribution so that the numerical values are those
shown in Table 5.
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Table 3: Conditional probability distribution for competence/evidence relation-
ships.
Low Medium High
Low Large Medium Small
Medium Small Large Medium
High Very small Medium Large
Table 4: Conditional probability distribution for the past/present relationship.
Low Medium High
Low Large Very small Tiny
Medium Very small Large Very small
High Tiny Tiny Large
Table 5: Numerical values associated to the fuzzy terms used to describe the con-
ditional probability distributions.
Term σ Value
Large 0 0.5
Medium -1 0.15865525393145707
Small -2 0.02275013194817919
Very small -3 0.00134989803163009
Tiny -4 0.00003167124183311
5 Models of prototypical students
In order to observe the behaviour of student models created in such a way, we
simulate a course devoted to the development of the specialized competences in-
cluded in the map shown in Fig. 2, and students exhibiting three prototypical per-
formances: low to medium performance, medium to high performance but with
final failure, and two terms medium to high performance (second course is as-
sumed not devoted to the development of such competences, but some activities
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Table 6: Evidences for simulated students: low to medium performance (L2M),
medium to high performance (M2H), but with final product missing, and two
terms medium to high performance (LT M2H)). All competences are related to a
project, and numeric values (0, 1, and 2) are assigned to competence levels (Low,
Medium, and High, respectively).
Week Competence L2H M2H LT M2H
1 Propose 0 1 1
2 Contribute 0 1 1
4 Propose 1 2 2
5 Contribute 0 1 1
7 Collaborate 0 1 1
10 Propose 1 2 2
11 Contribute 1 2 2
14 Collaborate 1 0 2
23 Propose 2
24 Contribute 2
25 Collaborate 2
35 Collaborate 2
make use of them). The courses are supposed to run for fourteen weeks (each one
corresponding to a time slice), plus two weeks for revisions and additional exam-
inations, and five weeks of holidays before the start of the next term (Table 6).
Figures 4a and 4b show the evolving beliefs on the competence levels of the
student with low to medium performance. Low, Medium, and High competence
levels are translated to numbers (i = 0, 1, and 2, respectively) and then beliefs are
represented by both the average,
∑ p(i)i, (1)
and uncertainty of their probability distributions, the later calculated as normal-
ized entropy [15],
∑ p(i) ln(p(i))
ln(13)
. (2)
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(a) Average (b) Uncertainty
Figure 4: Evolving beliefs on competence levels of the student with low to
medium performance. Low, Medium, and High competence levels are translated
to numbers (0, 1, and 2, respectively) and then beliefs are represented by both the
average (Equation 1) and uncertainty of their probability distributions, the later
calculated as normalized entropy [15] (Equation 2).
(a) Average (b) Uncertainty
Figure 5: Evolving beliefs (average and uncertainty) on competence levels of the
student with medium to high performance, who failed on the last evaluation.
(a) Average (b) Uncertainty
Figure 6: Evolving beliefs (average and uncertainty) on competence levels of the
student with medium to high performance along two periods.
Figures 5a and 5b show the case for the student with medium to high performance
with final failure, while figures 6a and 6b show the case for the student with
medium to high performance across two terms.
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In all cases, uncertainty increases in time slices with no evidence, and it usu-
ally decreases on the presence of evidence. However, in the case of the student
exhibiting low to medium performance, after two evidences for low level of com-
petence at contributing to a project, an evidence of medium level of competence
at time slice 11 increases uncertainty. A similar behaviour can be observed when
evidence of low level performance arrives in time slice 14 for the student with
medium to high performance: many beliefs go down but their uncertainties in-
crease.
The prototype is more reluctant to accept evidence of good performance than
of low or medium performance, due to the asymmetry in the conditional proba-
bility distribution in Table 3. Yet, after accumulating evidences from two terms in
the case of a student with high performance, the beliefs show a tendency to slowly
go up. It is clear in all cases that beliefs on the development of the more general
competences move much slowly, as there is no direct evidence of their level. Yet
beliefs show a tendency to go up, and decrease their uncertainty, suggesting some
positive development is going on after all.
6 Comparison
In order to evaluate the results obtained so far, and the overall design of our sys-
tem, we decided to compare the estimations it produces against estimations pro-
vided by teachers. We designed a questionnaire in which we ask teachers to es-
timate the levels of the more specific competences of our prototypical students
(given the evidence in time slices 3, 6, 7, 12, 14, and 35) and to provide a degree
of certainty for their estimations. Finally, we ask them to estimate the levels of the
more general competences at the end of the course, and their degree of certainty
on that as well. We used the questionnaire to run an online poll among colleagues
and doctoral students, 20 of which answered it—from a population of circa three
hundred, so we can claim significance of results only at the level of the sample.
Among the participants, 65% said they are full time teachers, 25% said they are
subject teachers, 5% said they are mainly researchers, and another 5% said they do
not teach. 60% of the participants said they teach mainly at undergraduate level,
35% said they are mainly postgraduate teachers, and only 5% classify themselves
mainly as high school teachers.
The teachers provided their estimations for the competence levels using a Lik-
ert scale with five values: (0) Low, (0.5) Rather Low, (1) Medium, (1.5) Rather
High, and (2) High. They provided their degrees of certainty in a similar scale,
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Table 7: Non parametric consistency analysis measuring the Interquartile Range
(IQR) among responses, per question, and then calculating the quartiles and the
new IQR among the IQRs previously calculated.
Quartile Average Uncertainty
Maximum 1.0 0.5
Third 0.5 0.25
Second (Median) 0.5 0.25
First 0.125 0.25
Minimum 0.0 0.0
IQR 0.375 0.0
which we show here inverted and normalized to describe their degree of uncer-
tainty. We ran the Shapiro-Wilk test of normality on the estimations of compe-
tence levels provided by the teachers, and we found that most distributions are far
from normal, so we proceed to the analysis of results using non parametric meth-
ods. For each question (58 in total) we calculated the first, second (median), and
third quartiles of competence levels estimated, or degree of uncertainty. In order to
measure the consistency among the answers using the interquartile range (IQR),
we calculated IQR per question, and then we calculated the same quartiles for
these new (meta) data. The results, presented in Table 7, show a tendency toward
the minimum distance, or less, among the responses provided by the teachers,
suggesting a high consistency among them.
Then we compared the responses provided by the teachers against the esti-
mations provided by the system, first graphically as in Fig. 7, Fig. 8, and Fig. 9.
We noticed that although the estimations provided by the system are, in general,
lower than the median of those provided by the teachers (figures 7a, 8a, and
9a), there seems to be a correlation between them, so we calculated their Pear-
son’s coefficient of correlation, r, and the results are shown in Table 8. They
suggest that the teachers and the system followed the same pattern in estimating
competence levels when there was more or less frequent evidence for the com-
petence, and they indicate an unsurprising behaviour, particularly in the case of
low to medium performance. The differences grow when there are surprises in
performance (e.g. the student shows steady improvment but the fails at one ex-
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(a) Average (b) Uncertainty
Figure 7: Comparison of estimates by teachers and the system of competence
levels of the student with low to medium performance.
(a) Average (b) Uncertainty
Figure 8: Comparison of estimates by teachers and the system of competence
levels of the student with medium to high performance, who failed on the last
evaluation.
amination), and when there is fewer evidence, as is the case for the competence
of collaborating in project. Then we calculated first and third quartiles among the
estimations provided by teachers, and we compared them against the estimations
generated by the system. The results were that, in general, the estimations pro-
vided by the system are out of the range defined by the first and third quartile. In
the case of the low to medium performance student, only 40% of system estima-
tions are in the range, whereas in the other two cases the percentages were only
26.7% (low to medium with final failure) and 22.2% (medium to high across two
terms). So, these results confirm the significance of difference in estimations by
the teachers and the system shown in Fig. 7, Fig. 8, and Fig. 9. Furthermore, it
shows the difference is bigger in the cases of evidence of medium to high perfor-
mance.
Regarding the degree of uncertainty in the estimations, uncertainty in the be-
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(a) Average (b) Uncertainty
Figure 9: Comparison of estimates by teachers and the system of competence
levels of the student with medium to high performance along tow periods.
liefs maintained by the system shows relatively high sensitivity to changes in the
evidence, whereas the uncertainty in estimations by the teachers seems almost sta-
ble. Finally, the comparison of estimations of the final state of development of the
most generic competences, and the corresponding uncertainties, by the teachers
and the system, shown in Table 9, suggest a similar pattern of the teachers be-
ing more optimistic by providing higher estimations of competence development,
together with much lower levels of uncertainty.
We have carried out some attempts to get the system estimations closer to those
provided by the teachers. That is to say, we have tried to relax the conditional
probability distributions for the relationship between previous and current state of
a node in the dynamic Bayesian network (Table 4), as a way of acknowledging
student state changes along their studies. Unfortunately, those adjustments led to
quicker increases in uncertainty along weeks, which seemed less realistic than the
ones shown in this paper.
7 Conclusions
We have shown a way of creating overlay student models as dynamic Bayesian
networks built on top of competences maps including generalization/specialization
and inclusion/part-of relationships. It works by defining a conditional probability
distribution per type of relationship (and cardinality, in the case of inclusion/part-
of relationships), so it can be applied to any map restricted to those common
relationships. This approach provides a general way for assigning weights to the
relationships between competences, which does not make use of the fine grained
composition of the competences to construct nor evaluate evidence, considering
17
Table 8: Pearson correlation coefficientes between competence level estimations
by the teachers and the system for students of low to medium performance (L2M),
medium to high but failing on final evaluation (M2H), and long term steady
medium to high (LT M2H).
Competence level
Collaborate in
project
Propose on
project
Contribute
to project
L2M 0.1026 0.9871 0.9808
M2H 0.2385 0.7406 0.6307
LT M2H 0.3458 0.8159 0.8512
competences very much as holistic entities. In that sense, it is quite different from
fine grained approaches typical in the field, but it would be much easier to make
it work on real life conditions, provided it delivers reasonable results.
The results obtained from implementing this method on a given competences
map, performing the modelling of competence development by some prototypical
students, and then comparing the competence levels estimated by the prototype
against those estimated by teachers, suggest that the inferencing carried out by
the dynamic Bayesian network goes along what teachers estimate from evidences
of performance by students, but teachers seem to be significantly more optimistic
and confident on competence development by students, particularly when they
get evidence of good performances. Furthermore, they seem willing to generalize
the evidence gathered in relation to more specific competences, so they estimate
similar levels of development for the more generic ones, and they do so with-
out loosing certainty in their estimations. In general, it seems teachers give more
attention to current evidence than our system does, and are more relaxed in con-
sidering previous evidence too. Furthermore, they seem to assume the student is
engaged in learning, so they expect an improvement in competence levels, and
positive evidence works as a confirmation for their expectations. In contrast, our
system assumes decaying of competence levels unless evidence on the contrary is
provided; a closed world assumption the teachers do not hold.
We have assumed all evidences to be hard ones, from what we gathered as
prototypical performances, but nevertheless invented ones, and we have no infor-
mation regarding the expertise on competence estimation by the participants on
our study. Furthermore, the task imposed on the participants is not what they are
used to do: a kind of meta-analysis on the evidence produced by others, instead of
18
Table 9: Comparison of estimates and incertainties as provided by the teachers
and the system regarding the development of the most generic competencesto col-
laborate (Col), to propose (Prop), and to contribute (Cont)by students of low to
medium performance (L2M), medium to high performance with failure in final
evaluation (M2H), and steady medium to high performance along two terms (LT
M2H).
L2M M2H LT M2H
Col Prop Cont Col Prop Cont Col Prop Cont
Teacher
estimation
(median)
1 1 1 1.5 1.5 1.25 2 2 1.75
Teacher
uncer-
tainty
(median)
0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25
System
estimation
(median)
1.01 1.32 1.25 0.97 1.33 1.32 1.05 1.40 1.39
System un-
certainty 1 0.93 0.96 1 0.92 0.93 0.99 0.87 0.88
directly observing the performance of students and genereting the evidence them-
selves (what it would be their actual task if the system gets implemented for some
educational programme). So we acknowledge we are still far from fully evaluating
the modelling of the development of competence levels by our system.
Future work includes the discussion of the implications of this evaluation, and
a subsequent fine tuning of our conditional probability distributions. An explicit
modelling of the estimations provided by teachers, by means of adjusting the con-
ditional probability distributions, would also be useful to understanding their rea-
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soning. There is also work to do in expanding the development and testing with
evidence produced from real (historical) data by expert competence evaluators,
and in comparing the inferences performed by the system against their estima-
tions. Beyond that, we would expect to incorporate the full map of transversal
competences for Mexican high school students, and to do real-time student mod-
elling, considering not only information provided by teachers, but information
gathered from other sources, inside and outside schools.
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